Abstract-As a partially invasive and clinically obtained neural signal, the electrocorticogram (ECoG) provides a unique opportunity to study cortical processing in humans in vivo. Functional connectivity mapping based on the ECoG signal can provide insight into epileptogenic zones and putative cortical circuits. We describe the first application of time-varying dynamic Bayesian networks (TVDBN) to the ECoG signal for the identification and study of cortical circuits. Connectivity between motor areas as well as between sensory and motor areas preceding and during movement is described. We further apply the connectivity results of the TVDBN to a movement decoder, which achieves a correlation between actual and predicted hand movements of 0.68. This paper presents evidence that the connectivity information discovered with TVDBN is applicable to the design of an ECoG-based brainmachine interface.
Granger causality-based methods, including the directed transfer function (DTF) [1] and partial directed coherence [10] - [11] , have become popular in directional connectivity. DTF has a number of variants. The direct DTF (dDTF) and the conditional Granger causality test distinguish between direct and cascade flows, and the short-time DTF (SDTF) is applicable to short time windows and rapidly changing signals [2] , [12] , [13] , [14] . The dDTF and SDTF have been used in conjunction as the SdDTF [15] .
Time-varying dynamic Bayesian networks (TVDBN) have recently been proposed as a novel way to model connectivity in non-stationary time series [16] . This approach is particularly applicable to the ECoG signal due to its ability to compensate for non-stationary data. It is also computationally efficient, making it an attractive solution for an ECoG-based BMI.
II.METHODS

A. Data collection
A single epilepsy patient undergoing subdural ECoG monitoring in preparation for brain resection surgery gave informed consent to participate in a motor task. Experiments were performed under a protocol approved by the Institutional Review Board at Johns Hopkins University. During trials that lasted between approximately 1 and 5 minutes, the subject performed repeated palmar grasps, opening and closing all fingers on the hand contralateral to the implanted ECoG grid.
The ECoG signal was recorded with the clinical system sampled at 1000Hz from 74 subdural electrodes on the right hemisphere, shown in Fig.1 . The electrodes covered sensorimotor areas as identified by an expert neurologist and electrical stimulation mapping (ESM). 
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Joint angle data were simultaneously recorded at 25Hz from a data glove (CyberGlove Systems) worn on the left hand. The data glove reported angles of metacarpal phalangeal, interphalangeal, and distal phalangeal joints of all five fingers, as well as finger abduction and adduction.
The ECoG data was filtered by a second-order Butterworth filter with a passband of 0.15-300 Hz, with a notch filter at multiples of 60 Hz. It was then re-referenced using a common average reference (CAR) filter [17] :
where X(t) is the time-domain ECoG signal of the nth channel of a total of N channels.
B. ECoG Electrode Activation Index
To find the electrodes detecting signals most related to hand movement, we computed the activation index (AI). The AI is based on the local motor potential (LMP), the smoothed amplitude of the ECoG, which is known to be correlated in some motor areas with the time course of arm and finger movements [18] . To compute the LMP we used a moving average window with a length of two seconds, T:
Hand-related activation was computed from the LMP: 
where m denotes the LMP during hand movement state, r denotes the LMP during hand rest state, 2 r m∪ σ denotes the variance across all hand states, and N denotes the total number of each type of movement state.
The AI was computed across all hand movements for each electrode, and the five electrodes with the largest absolute AI values were considered movement-related for the purpose of subsequent analyses.
C.Time-Varying Dynamic Bayesian Network
Connectivity between ECoG electrodes was modeled using a TVDBN. In this model, N channels recording the ECoG signal at time t are represented as a vector,
where t=1,…,T defines steps in an ECoG time series with length T. The conditional probability of observing a given value at time t given a value at previous time t-1 is
, a first order Markov model in which the state of X at time t depends only on its previous state.
The distribution of temporal ECoG transitions can be described as a linear model:
The term
is a connectivity coefficient matrix, in which A t ij is the connectivity weight from the ith to the jth channel from time t -1 to time t.
The A t term can be estimated at time t with:
where the weight of an observation at time t* is given by *) (t w t . The parameter λ defines a regularization term that shrinks the sparseness of the connection matrix A. We set this parameter to 100 [16] . We define the weighting term:
is a Gaussian RBF kernel. The parameter h gives the kernel bandwidth that controls the scattering of the kernel. We used a value of 5 for h [16] .
The estimation of connectivity coefficient matrix A is decomposed into two orthogonal axes. First, the estimation of the network is separated for each time point by the weight term, which weights the signal heavily near time t. Second, the estimation is separated for each channel, as in (6) . By this decomposition, the solution to the network is simplified and can be solved as a weighted regression problem by least squares.
D.General Regression Neural Network
The time-varying connectivity coefficients in matrix A found with TVDBN were employed as temporal features in a general regression neural network (GRNN).We used the results of our connectivity estimation to create a decoder for hand movement trajectory.
The states of hand movement were defined as yt(t -1, …, T), in T time steps. The connectivity coefficient matrix A at time t was reshaped as a vector: C(A 
The probability distribution function f(C, y) is estimated from a set of sample observations by:
where n is the number of sample observations, p is the dimension of the connectivity coefficient matrix A, σ is a smoothing parameter, and Di 2 is the distance between C and the ith observation Ci. Substituting (9) into (8) 
The GRNN used was a four-layer network. The input layer received an input vector, C, and transmitted it to the pattern layer. Each unit of the pattern layer output the distance Di 2 to the summation layer, which performed the numerator and denominator operations in (10) . The output layer computed the ratio between the numerator and denominator. The model was trained on 30% of the data and tested on 70%.
III. RESULTS
Eighteen trials of hand opening and closing movements were measured with the data glove. The simultaneously recorded ECoG signals were pre-processed, and LMP and AI of each channel were calculated. Using the AI, five ECoG channels were identified as displaying movement-related changes in LMP activity. The distribution of the AI measure is shown below in Fig.2 .
Channels 39, 68, 2, 55, and 4 were considered movementrelated for the purpose of subsequent analyses. Channels 39 and 55 had positive AI values, which indicates that the evolution of the LMP in these channels was positively correlated with the hand movement. Channels 68, 2, and 4 had negative values, indicating negative correlations with hand movement. Fig. 2 . Absolute AI on all ECoG electrodes. Channels 39, 68, 2, 55, and 4 had higher AI than other channels, indicating that the LMP recorded on these electrodes was more highly correlated with hand movement. These channels were considered movement-related and selected for subsequent analysis.
TVDBN connectivity coefficients for the five movementrelated ECoG channels are shown in Fig.3. Fig.3a shows the averaged hand movements across trials. The onset of hand movement occurred at 0.8 s. In Fig.3b the connectivity coefficients between channels 39, 68, 2, 55, and 4 are averaged across all 18 hand open/close trials. Most connectivity coefficients decrease before and during hand movement onset; the exceptions are connections 4→2, 68→2, 68→4, 2→68, and 4→68. From the average of all connections, there is a reversal in average connectivity coefficient values preceding movement onset. Over the course of the movement duration, the average of the connectivity coefficients returns to baseline. The mean and standard error of movement-related ECoG channels' TVDBN connectivity coefficients during movement trials are shown in Fig.4 . In many cases there is a measurable and statistically significant change in the strength of connectivity before and during hand movement.
To further validate the TVDBN's tracking of movementrelated cortical network changes and test the feasibility of using TVDBN connectivity coefficients to inform a motor BMI, we built a GRNN decoder. The results of this decoding algorithm using TVDBN connectivity coefficients as input are shown in Fig.5 . The correlation between actual and predicted hand movement in the testing data was 0.68, which is comparable to reported spike-based movement decoding [19] . The TVDBN results can therefore be used as a valid input and informational tool for an ECoG-based BMI.
IV. DISCUSSION AND CONCLUSIONS
We have demonstrated the TVDBN's ability to represent changes in connectivity measured in the ECoG signal during hand movement.
The electrodes selected for this analysis are located, based on ESM results, in cortical areas that are primary motor, premotor and/or supplementary motor, and sensory. We have therefore described cortical circuits active preceding and during movement that process motor and sensory information. As expected, the largest changes in TVDBN connectivity coefficients occurred in connections between electrode 39, which was near hand primary motor area, and other movement-related electrodes. However, a large, early onset connectivity shift was also observed in, e.g., electrodes 2 and 68. ESM predicts that electrode 2 is in a sensory area, and electrode 68 is adjacent to electrodes that elicited a primary motor ESM response. TVDBN reveals a potential premovement sensory-to-motor circuit. TVDBN as applied to ECoG during a motor task elucidates the mechanisms of cortical processing during movement.
